Abstract
Introduction

25
Bridges are important infrastructure components that must be properly maintained to ensure public 26 safety and for which regular inspection is a critical component. Inspection approaches are to some 27 extent dictated by local practice. For example, Ireland's I-STR-6510 requires "ground level 28
inspections" be conducted every two years and a "thorough inspection" once every six years 29 (RAIU 2010). In the United Kingdom (UK), a "general inspection" should be undertaken every 30 one to three years according to the standard "Examination of Bridges and Culverts 31 NR/SP/CIV/017" (Sterritt 2009 ). Similarly, in the United States (US), a bridge should be inspected 32 every two years according to the American Association of State Highway and Transportation 33 Officials (AASHTO) requirement (AASHTO 1970) . Traditionally when inspecting bridges, there 34 is a choice between using an Aerial Work Platform (AWP), an under-bridge inspection vehicle, 35 ladders, or ropes for access. Irrespective of the method used, the associated costs and dangers 36 remain challenges. AWPs and inspection vehicles are likely to require road lane closures, and the 37 equipment used is expensive to maintain and run, while ropes require a high level of training and 38 expertise to be used safely. To date, there has yet to be a rapid and cost-effective method that does 39 not require bridge closure and is able to generate a permanent record. To address that deficit, this 40 paper considers the feasibility and limitations of using an unmanned aerial vehicle (UAV) for 41 documentation from which subsequent inspection can be conducted through a three-dimensional 42 (3D) reconstruction. The paper presents recent efforts in this area followed by a new evaluation 43 framework for 3D reconstruction. The usefulness and importance of this evaluation framework is 44
shown in a case study that demonstrates the proposed workflow for data acquisition, model 45 reconstruction, and data quality determination. specific bridge. As such, every aerial data collection mission should start with the 127 identification of the requirements to which any generic or proprietary process must be 128 applied. The specified process forms the foundation of how to (1) achieve the desired data 129 collection, (2) add value over traditional methods, and (3) maintain high safety standards 130 during the execution. 131 2. Assessment of the flight process: Each operation is unique and comes with specific 132 operational variables that must be considered to achieve a safe and legally compliant flight 133 mission. 134
135
Methodology
136
To achieve a systematic and reliable bridge inspection, a UAV-based inspection framework is 137 needed, as proposed in Figure 3 . As will be explained in the following subsections, this involves 138 four main tasks: (1) data acquisition; (2) 3D reconstruction; (3) quality evaluation of the 3D 139 reconstruction; and (4) To better explain the relationship between camera angle and distance, the terminology Ground 156
Sampling Distance (GSD) is referred to in remote sensing as spatial resolution, which is used here 157 to describe the image quality. The GSD equals the distance between the centre of two consecutive 158 pixels on the target surface. Figure 4 shows the projection relationship of a simplified digital 159 camera system. In an orthographic projection, the GSD will be the same in the field. In a tilt 160 projection, the far end will have the maximum GSD value. This means that each pixel covers a 161 larger area in the corner D than in corner A, and the edge DC will have the maximal GSD of the 162 entire field of view (FOV). In terms of UAV-based reconstruction, the missing data problem persists in poorly overlapped 240 areas (Figure 9a ), especially for slim or narrow portions of the structures (e.g. railings in Figure  241 threshold  is applied here to control the searching radius for mesh generation. For any point C, 250 within the radius , if any neighbour points exist, a triangular mesh will be generated for area 251 calculation. Thus, by controlling the threshold p2p, the area with and without incomplete 252 coverage can be calculated. To choose an appropriate , the average distance of any point to its 253 nearest neighbours must be measured. In this algorithm, 5% of the points were randomly taken 254 from the original data as querying points and used in a nearest neighbour searching (NNS) 255 algorithm (Muja and Lowe, 2009) Outlier noise usually appears around the boundary of the structure. One reason is that textureless 280 backgrounds (like sky) tend to confuse SfM approaches. For example, the railing area in Figure  281 12 is poorly reconstructed, as the reconstruction algorithm treats the background (sky) as part of 282 the front object (bridge). For example, as the camera failed to fully observe the area beneath the 283 arch, many outliers appear around the border. Those outlier points will affect subsequent surface 284 reconstruction and generate floating artefacts around the object. Additionally, shadows and large 285 tilt angles weaken or hide the surface texture. As the outlier problem is more significant in the imagery, the TLS dataset is considered as the 290 reference dataset and compared to the relative noise level in the UAV data. To do this, first the 291 UAV data are aligned to the TLS data using the Iterative Closest Point (ICP) algorithm (Besl and 292 McKay 1992). Then, the distance between specific points in each set is calculated. For each point 293 in the UAV dataset, a search is undertaken for its nearest neighbour point in the TLS dataset, and 294 the offset distance is recorded. An example of a cloud-to-cloud distance map is shown in Figure  295 13. By setting a threshold c2c to control the maximum distance, the outlier noise can be filtered 296 out, as shown in red in Figure 13 . Here, c2c equals the mean distance ave plus two times the 297 standard deviation std. Using the total number of points to divide the outlier points number shows 298 the percentage of outlier noise. 299 300 Theoretically, a surface should contain only one layer of points. Thus, the thickness of points along 303 a scanned surface should be close to zero, but the reality is otherwise. This is because the 304 reconstruction mechanisms are not completely accurate. Specifically, some points will deviate 305 from the real surface, which results in the point cloud surface presenting as if it is of a certain 306 thickness, despite its true planar nature. The thickness will cause problems for further mesh 307 generation, surface reconstruction, and retention of small details (Wolff et al. 2016) . A method to 308 evaluate the point cloud surface deviation level involves selecting a few checkpoints to measure 309 the thickness and point distribution in the immediate neighbourhood. Choosing the checkpoint is 310 best done from a flat surface to avoid incorporating surface changes in the deviation. An example 311 is shown in Figure 14 , where three checkpoints are selected within a defined neighbourhood of 1 312 cm 2 in the XY direction. The difference between Z-max and Z-min is the thickness at that location. 313 314
Fig. 14. Surface deviation 315 316
Evaluating Geometric Accuracy 317
Geometric accuracy is important for engineering inspection, especially for deformation monitoring 318 and quantifiable damage assessment. One method to do this involves measuring the point-to-pointthe same feature pairs in the different datasets, the relative accuracy between the different datasets 322 can be measured. 323
324
Damage Evaluation 325
Compared to image based 2D inspection, reconstructed 3D point clouds provide depth information 326 for holes and cracks making volumetric damage calculation possible, which is important for 327 structural health evaluation. To achieve that, the damaged area needs to be extracted from the 328 dataset. This can be completed by means of manual segmentation or using an auto-clustering 329 algorithm, such as K-means or DBSCAN. Within the extracted boundary, volume calculation can 330 be done by filling the space with random points and generating a triangular mesh from which the 331 volumetric calculation can be done. 
TLS Data Collection 368
For collection of reference data, a Leica Scan Station P20 terrestrial laser scanner was used (Figure  369 18). The unit's resolution was set as 12.5 mm at 10 m resulting in a typical data density of 6400 370 pts/m 2 . Scans were taken from 3 locations (see Figure 19 ) along the southeast portion of the bridge 371
and required approximately 1.5 hours in total. As the bridge deck was not accessible, the terrestrial 372 laser scan data only covered the side of the bridge. 373 
Evaluation of Incomplete Data 394
The TLS dataset was used for defining the valid area of the structure. Calculating the coverage 395 rate involved setting the threshold αp2p to about 20 times larger than that of βave to obtain the ground 396 truth and setting it equal to βave+ βstd to determine the real coverage. The results are shown in Table  397 3, with the UAV-10m dataset resulting in the best coverage rate at 93.46%. For the UAV-20m 398 dataset, about 20% of the area was not covered, which largely corresponded to the missing data 399 for the railing portion of the bridge which resulted insufficient feature matching in this area. 400 
Evaluation of Point Distribution 405
To evaluate the point distribution situation with a neighbourhood of a radius 0.05 m, the volume 406 density was calculated for each point (see Figure 22 ). As expected, TLS point distribution was 407 highly non-uniform, with portions of the bridge closer to the scanner captured more densely (e.g. 408 the bottom left-hand corner) than those further afield. In contrast, the UAV datasets were more 409 uniformly distributed but had more local density variation (as shown in the colour changes in the 410 UAV density maps, especially near the bottom edges or the arches). The density of the 10 m dataset 411 was higher than the 20 m dataset, with significant differences between the background and the 412 rails, which can be used as a feature to remove the background noise. 413 Using the method outlined in the Methodology section, the UAV dataset was aligned with the TLS 417 data, and the outlier noise level for each UAV dataset was calculated (Table 4) 
Evaluation of Surface deviation 425
As previously mentioned, measuring surface deviation is easier on a flat surface. In the small, 426 immediate neighbourhood around the checking points, the surface approximates a flat surface. 427 Therefore, using that surface, 20 points were picked randomly for evaluation (Figure 23 served as a reference data set against which to evaluate the UAV-based point cloud. To measure 440 the point-to-point distance, three easily detectable features were selected. These were corner points 441 at the bottom or top of the arch (Figure 25) . As selecting the exact same points across datasets is 442 unlikely, concepts from the "Guide to the Expression of Uncertainty in Measurement" (GUM) 443 were applied (JCGM/WG 1). Each distance was measured 10 times, which was used to calculate 444 the mean distance and the type A standard uncertainty at each location. 
Damage Evaluation 453
During the pre-check, spalling on arch No. 5 was observed by the inspector visually from the 454 ground (Figure 26a) . To measure the volume of the missing area (Figure 26b ), the damage 455 evaluation method discussed above was applied. First, the damaged boundary was manually 456 extracted. Then, within the boundary, random points were generated to fill the space (Figure 26c) . 457
Finally, a triangular mesh was generated across the damaged part for 3D volume calculation 458 (Figure 26d) . The results are shown in Table 6 
Discussion
472
As mentioned above, the possibility of using UAVs for bridge inspection has been demonstrated 473 in other studies. While much of the focus of that work centers on using high-end equipment to 474 achieve better results, this is not necessarily so. For example, Katz (2018) However, accuracy is only one aspect of a quality dataset appropriate for inspection. There are 486 also considerations of direct costs, scheduling issues, and access. For example, in the case study 487 presented herein, the UAV equipment costs were less than 3% of that of the TLS ($2500 vs 488 While these factors are important, for bridge projects access issues can predominate. Although the 494 TLS data are more accurate, the scanner could only be set on bank. As mentioned before, the TLS 495 data will cause a radial distribution problem in this situation. The data quality for the mid-span of 496 the bridge will be relative poor, as it is far from the scanner and negatively impacted by the angle 497 of incidence caused by the scanner position ). Positioning can also cause over-498 estimation of crack widths and lengths (Laefer et al. 2010 ) and has some strong practical limits 499 based on positioning and beam size, even from only 15 m (Laefer et al. 2014 ). Additionally, line-500 of-site obstacles and uneven surfaces will interfere with complete coverage in the TLS dataset. 501
The offset distance and angle of incidence has also been shown to compromise the data damage 502 collection process. In contrast UAV-based 3D reconstruction method can easily overcome those 503 problems and generate a full covered uniform point cloud with thoughtful pre-flight path planning. 504 505 Unfortunately, there are also disadvantages to UAV-based inspection. In the case herein, the UAV-506 based point cloud had a higher noise level than the TLS-based one, which was reflected in a more 507 than 3 times higher deviation in the structure surface and marginally more outlier points (more 508 than 4.52%). Additionally, narrow features make key point matching difficult using an SfM 509 method, which will cause problems for bridge cable or truss inspection. Moreover, the 3D 510 reconstruction process is more time-consuming than the TLS post-processing -spanning from a 511 few hours to several days for the point cloud generation for each of the 3 flights versus only a 512 single hour for the TLS data. 513
514
Conclusions
515
With respect to bridge inspection, this paper introduced a blended UAV-SfM method for imagery 516 acquisition and 3D reconstruction. A case study for a major bridge in Dublin, Ireland was 517 presented, and the proposed UAV-SfM method was compared with TLS-based inspection. A series 518 of data evaluation methods were proposed to evaluate the point cloud performance in data 519 completeness, density distribution, outlier noise level, surface deviation and geometry accuracy. 520
In general, the study demonstrated that the UAV-SfM method can offer significant advantages in 521 equipment cost, surveying time, point distribution, and ultimate data coverage. However, problems 522 remain including high noise levels, low geometry accuracy and long post-processing times. 523
524
To solve these problems, future research will need to focus on optimizing 3D reconstruction 525 algorithms and developing better noise removal techniques. Possible solutions could involve 526 feature extraction algorithms that incorporate UAV position and orientation based on internal 527
Global Position System (GPS) data and inertial measurement units, which could involve applying 528 a weighting function to emphasize target features and de-emphasize items likely to be in the 529 background (e.g. ground and sky) based on the proximity and focal area. Noise may similarly be 530 removed through objective-based clustering algorithms. 531
